High-throughput transcriptomic (HTTr) technologies are increasingly being used to screen environmental chemicals in vitro to identify molecular targets and provide mechanistic context for regulatory testing. Here, we describe the development and validation of a novel gene expression biomarker to identify androgen receptor (AR)-modulating chemicals using a pattern matching method. Androgen receptor biomarker genes were identified by their consistent expression after exposure to 4 AR agonists and 4 AR antagonists and included only those genes that were regulated by AR. The 51 gene biomarker was evaluated as a predictive tool using the fold-change, rank-based Running Fisher algorithm. Using 158 comparisons from cells treated with 95 chemicals, the biomarker gave balanced accuracies for prediction of AR activation or AR suppression of 97% or 98%, respectively. The biomarker correctly classified 16 out of the 17 AR reference antagonists including those that are "weak" and "very weak". Predictions based on microarray profiles from AR-positive LAPC-4 cells treated with 28 chemicals in antagonist mode were compared with those from an AR pathway model which used 11 in vitro HT assays. The balanced accuracy for suppression was 93%. Using our approach, we identified conditions in which AR was modulated in a large collection of microarray profiles from prostate cancer cell lines including (1) constitutively active mutants or knockdown of AR, (2) decreases in availability of androgens by castration or removal from media, and (3) exposure to chemical modulators that work through indirect mechanisms including suppression of AR expression. These results demonstrate that the AR gene expression biomarker could be a useful tool in HTTr to identify AR modulators.
For HTTr screening to become practical, there needs to be a shift from the use of conventional microarrays to new methods that can be adapted to HTS. These include emerging technologies that can assess the expression of most, if not all, of the protein coding genes from chemically treated cells. A number of promising techniques are now available that have been adapted to HTS to allow measurement of expression of targeted genes from lysates of treated cells (Larman et al. 2014; Yeakley et al. 2017) . Parallel computational methods need to be developed to simultaneously predict modulation of molecular targets that can be linked to the network of adverse outcome pathways (AOPs) relevant to chemical-induced toxicity (Edwards et al. 2015) . Machine learning methods have been used to predict phenotypic endpoints such as cancer (Waters et al. 2010) , but rarely have they been used to predict chemical-induced effects on specific targets (eg, Kleinstreuer et al. 2014; Oshida et al. 2015a,c) . Methods that evaluate pathway level perturbations are generally useful for hypothesis generation, but none appear to have been validated as tools for prediction. Gene set enrichment analysis has been used with some success both in relation to identification of potential drugs to treat diseases and to toxicology (Smalley et al. 2010) , but the approach has not been fully exploited in terms of prediction of modulation of specific targets.
Exposure to endocrine disrupting chemicals (EDCs) is a risk factor for oncogenesis and disruption of the development of many organ systems in humans and wildlife (DiamantiKandarakis et al. 2009 ). Increased recognition in the 1990s that man-made chemicals may interfere with endocrine functions in wildlife and humans led to legislation in the United States, eventually resulting in a mandate that the US EPA develop a screening program for potential EDCs. In this program, approximately 10,000 existing chemicals would be evaluated for their potential to disrupt the estrogen, androgen, and thyroid signaling systems (The Endocrine Disruptor Screening Program [EDSP] ). Under these guidelines, a battery of Tier 1 in vitro and short-term in vivo screening assays, including those that assess nuclear receptor activity, were developed for chemical hazard screening, to be followed by longer term, more definitive in vivo Tier 2 tests for endocrine disrupting activity. One mechanism by which potential EDCs can interfere with normal endocrine signaling is via inappropriate activation or repression of a subgroup of nuclear receptors for androgen, estrogen, and thyroid hormones. These receptors include 2 estrogen receptors (ERa and ERb), the androgen receptor (AR), and 2 thyroid hormone receptors (TRa, TRb). The receptors act as ligand-binding transcription factors that can be activated or repressed by xenobiotic chemicals, resulting in altered gene expression in susceptible tissues. The EPA's vision for the EDSP in the 21st Century (EDSP21) includes utilization of in vitro HTS assays, coupled with computational modeling, to prioritize chemicals and to eventually replace or provide alternatives to some or all of the current EDSP Tier 1 screening assays (https://www.federalregister.gov/articles/2015/ 06/19/2015-15182/use-of-high-throughput-assays-and-computational-tools-endocrine-disruptor-screening-program-notice; last accessed August 10, 2018) . Within the ToxCast battery, there are 18 and 11 HTS assays that have been used to evaluate the ability of chemicals to modulate ER and AR, respectively. Computational models based on the results of these assays have been developed to allow accurate prediction of chemicals that target ER (Judson et al. 2015) and AR .
In a previous study (Ryan et al. 2016) , we developed methods for the accurate identification of ER agonists and antagonists in microarray profiles from human breast cancer cell lines. Here, we determined if this same approach could be used to identify chemicals that modulate the activity of AR. A biomarker of ARregulated genes was built from a set of experiments applying chemical and genetic perturbations known to affect AR. The 51 AR biomarker genes, used in the context of a pattern matching algorithm, were found to be accurate at identifying both AR agonists and antagonists in a large gene expression compendium developed from microarray profiles generated in human prostate cancer cell lines. We found that our AR biomarker could accurately predict the antiandrogenicity of the same compounds when compared with the AR pathway model that may be used to assess antiandrogenicity of compounds through HTS screening programs (Judson et al. 2015; Rotroff et al. 2014) .
MATERIALS AND METHODS
Culture and treatment of LAPC-4 cells. The LAPC-4 cell line expresses a wild-type AR that is not amplified (Klein et al. 1997; Watson et al. 2015) . LAPC-4 cells were cultured in IMDM media (GIBCO) supplemented with 5% FBS (Omega Scientific) and 1Â penicillin/streptomycin/glutamine (GIBCO). An initial range finding experiment (data not shown) was conducted to determine the optimal concentration of the positive control compound, R-1881 (also called metribolone; Sigma Chemicals), to allow detection of both agonism and antagonism. Cells were plated at 7.5Â 10 5 cells per well in 1 ml media in 24-well plates.
After 48 h, media was replaced with dosing solutions containing DMSO (0.05%), R-1881 (0.16, 0.33, or 0.50 nM) alone or with 1 mM cyproterone acetate, 0.5 mM androstenedione, 5 mM bicalutamide, or 10 mM flutamide. After 6 h of exposure, media were removed; cells were rinsed with PBS and frozen in Buffer RLT (Qiagen). (It should be noted that the range finding microarray comparisons were not used to build the biomarker.) In a second experiment, cells were exposed, as described above, to 28 chemicals (see Table 1 for exposure conditions) in the presence of R-1881 (0.33 nM). Both experiments were conducted in triplicate (3 individual experiments performed on separate days). Chemical concentrations were selected based on observed activity in the ToxCast AR pathway assays and to minimize cytotoxicity (Judson et al. 2015) . In general, concentrations were chosen that were above predicted AC50 values for agonism or antagonism (when available) and below any predicted cytotoxicity levels. Exposure to the strongest agonists (AC50 values in sub micromolar range) were at 0.5 mM, whereas others were at 10 mM. Antagonist exposures were performed at 10 or 20 mM. Concentrations for non-AR modulators were selected to be below the predicted cytotoxicity threshold (based on ToxCast data; Judson et al. 2016) and to be similar to those of the AR modulators (10-20 mM). All chemicals came from the ToxCast chemical inventory (kindly provided by Dr Ann Richard).
Gene expression microarrays. Global gene expression was evaluated by microarray analysis ( Figure 1A ). Total RNA was isolated and purified with the RNeasy MinElute column protocol (Qiagen GmbH, Hilden, Germany), evaluated for integrity using an Agilent RNA 6000 Nano chip on an Agilent 2100 Bioanalyzer (Agilent Technologies GmbH, Berlin, Germany), and quantitated using the NanoDrop spectrophotometer (NanoDrop Technologies, Wilmington, Delaware). After randomization, samples were hybridized in a blinded manner onto Human HT-12 v4 Expression BeadChip arrays (Illumina, San Diego, California) in the NHEERL Genomics Research Core Laboratory using standard Illumina protocols. Arrays were scanned, and raw data (.idat files) were obtained using Illumina iScan software (v3.3.28) and analyzed using Illumina GenomeStudio and Partek Genomics Suite Software. Array data are publicly available at Gene Expression Omnibus (GEO), accession number GSE109021.
Identification of differentially expressed genes in the LAPC-4 experiment. Raw gene expression intensities were quantile-normalized using Illumina GenomeStudio. ANOVA analysis was performed in Partek Genomics Suite, with a p .05 for significance. All filtered gene lists were uploaded into BaseSpace Correlation Engine (BSCE). Heat maps were generated using Eisen Lab Treeview software (http://rana.lbl.gov/EisenSoftware.htm; last accessed August 10, 2018).
Identification of differentially expressed genes in BSCE microarray datasets. All differentially regulated genes that were part of each bioset were identified using the criteria in the data analysis pipeline in BSCE (https://www.illumina.com/products/by-type/informatics-products/basespace-correlation-engine.html; last accessed August 10, 2018; previously called NextBio) and are described in detail in Kupershmidt et al. (2010) and Ryan et al. (2016) .
Assembly of a compendium of microarray experiments carried out in prostate cancer cell lines. Information in the BSCE database was used to build an annotated compendium of gene expression biosets derived from experiments carried out in human prostate tissue, including prostate cancer cell lines. The BSCE database contains over approximately 21,600 highly curated, publically available, omic-scale studies across 15 species including approximately 134,000 lists of statistically filtered genes (as of October 2017). Annotated information from BSCE about humanderived biosets was used to populate a master file with information about each bioset including Biodesign, Biosource, Chemical Name, Gene, Gene Mode, Phenotype, Tissue, and Study ID (last update, August 17, 2017). The table was then filtered for biosets derived from prostate cancer cell lines or prostate tissue, and these biosets were used to populate a separate table. Each bioset was annotated for category and name of the perturbant examined based on the name of the bioset. For example, the bioset called "LNCaP cells þRTI-6413-018 6 hr_vs_ vehicle 6 hr" is in the category "Chemical" and the specific perturbant is "RTI-6413-018". The bioset called "Prostate cancer VCaP cells-androgen receptor siRNA_vs_ control siRNA" is in the category "Gene" and the specific perturbant is "AR". Biosets that examined more than 2 perturbants at 1 time (eg, exposure to 3 chemicals vs control) or that could not be interpreted were not used in any further analyses. The final compendium contained approximately 2510 biosets. Information about the biosets examined in the study is found in Supplementary File 1.
Identification of AR biomarker genes. Lists of statistically filtered genes were used to derive a consensus gene expression biomarker for AR (Figs. 1 and 2A) . Biosets in BSCE database used to create the biomarker included those from cells treated with 4 agonists (R-1881, androstenedione, dexamethasone, RTI-6413-018) or 4 antagonists (bicalutamide, triticonazole, tubuconazole, vinclozalin) or from cells either expressing a constitutively active form of AR or in which AR expression was knocked down by shRNA or siRNA (Table 2) . Biosets were selected because they exhibited robust gene expression changes (>210 statistically altered genes for each bioset), the chemicals were structurally diverse, at least for the antagonists and included both wellknown agonists and antagonists. Although all of the agonists are considered strong or moderately potent, antagonists were classified as strong (bicalutamide), moderate/weak (vinclozolin), or weak (triticonazole, tebuconazole) . Genetic biosets were selected because of well characterized effects on AR. The AR (F876L/T877A) and AR (W741C/T877A) mutants each contain 2 amino acid changes in the ligand-binding domain (LBD) of AR; the F876L mutation was isolated from the AR in LNCaP cells resistant to the growth inhibition effects of the AR antagonist enzalutamide (Korpal et al. 2013 ). The W741C mutant was shown to confer an agonist switch specific for bicalutamide (Hara et al. 2003) . The T877A mutation is found in LNCaP cells and confers resistance to hydroxyflutamide (Veldscholte et al. 1992) . The V7 mutant lacks the LBD due to splicing of "intronic" cryptic exons to the upstream exons encoding the AR DNA-binding domain (Cottard et al. 2013; Hu et al. 2009 ). All 3 mutants confer androgen-independent AR activation (Cottard et al. 2013; Korpal et al. 2013; Veldscholte et al. 1992) . The 3 experiments consisting of siRNA or shRNA against AR versus controls resulted in decreases in the expression of the AR protein (Gonit et al. 2011; Li et al. 2014; Zhu et al. 2012) .
The top 5000 genes with the greatest degree of overlap between all biosets were identified by the "meta-analysis" function in BSCE database, and all data were exported. There were 3 filters that were manually implemented ( Figure 2A) . First, genes which exhibited consistent expression behavior across the 4 agonists were selected, ie, genes had to consistently exhibit either up or down regulation in at least 2 of 4 comparisons. Second, genes which exhibited opposite regulation by antagonists were selected and had to consistently exhibit either up or down regulation by at least 2 of the 4 comparisons. Thus, genes with increased expression after chemical exposure by agonists were decreased by antagonists, and genes with decreased expression after agonist exposure were increased by antagonists. In the genetic filter, genes were selected that exhibited features of AR dependence by responding in the predicted direction by either expression of a constitutively active AR or by knocking down expression with siRNA or shRNA targeted against AR. To pass this filter, the gene needed to be altered by the constitutive AR in the same direction as an AR agonist and/or altered by the AR knockdown in the same direction as an AR antagonist in at least 1 out of the 6 comparisons. Genes with inconsistent regulation were removed. Genes which did not exhibit robust expression across the agonist treatments (ie, absolute fold-change <1.5) were removed. The final list consisted of 51 genes. An average fold-change across all agonist treatments was calculated for each gene. The average fold-change values and gene abbreviations were imported into BSCE database without any further filtering. Pathway analysis was performed on the biomarker genes using ingenuity pathway analysis (IPA) (Qiagen Bioinformatics, Redwood City, California).
Identification of AR target genes. To determine putative target genes that may be directly regulated by AR in our biomarker gene list, we analyzed chromatin immunoprecipitation coupled with DNA sequencing (ChIP-seq) datasets derived from multiple human prostate cell lines including LNCaP, VCaP, and PC3 expressing wild-type AR under a CMV promoter (Chng et al. 2012; Guseva et al. 2012; Lin et al. 2009; Massie et al. 2011; Wilson et al. 2016; Zhu et al. 2012) . Genomic coordinates derived from these datasets were updated to human genome build GRCh38/hg38 using LiftOver (performed October 17, 2017; https://genome.ucsc.edu/ cgi-bin/hgLiftOver; last accessed August 10, 2018). Coordinates were annotated by closest gene feature using the R Bioconductor 3.6 package function "ChIPpeakAnno" (Zhu et al. 2012) . To increase the likelihood of selecting regions that were AR bound, we further searched these bound regions for the presence of an androgen responsive element (ARE; Supplementary File 1) Figure 1 . Assembly, characterization, and testing of the AR biomarker. A, AR biomarker development and characterization. Experiments used to identify AR-regulated genes included 4 biosets from agonist exposed cells, 4 biosets from antagonist exposed cells, 3 biosets from cells expressing constitutively active AR mutants (caAR), and 3 biosets from cells in which AR expression was knocked down by siRNA. See Table 2 for description of the individual biosets used. Differentially expressed genes were identified as described in the Methods. Biomarker genes were identified from the differentially expressed genes after applying several filtering steps. Post hoc analysis on genes in the biomarker was performed by IPA for canonical pathway enrichment and potential transcription factor regulators. Identification of primary targets of AR was supported through queries of chromatin immunoprecipitation coupled with DNA sequencing (ChIP-seq) datasets and by examining expression of the biomarker genes following genetic perturbation. B, Biomarker testing and screening. The AR biomarker was imported into the BSCE database, in which internal protocols rank-ordered the genes based on their average fold-change. Screening of a human prostate tissue compendium was carried out by comparison of the biomarker to each bioset in the BSCE database using a pair-wise rank-based algorithm (the Running Fisher test). The results of the test, including the direction of correlation and p-value for each bioset in the compendium, were exported and used to populate a master table containing bioset experimental details. A test of the accuracy of the biomarker predictions was carried out using treatments that are known agonists and antagonists for AR. The figure was adapted from Ryan et al. (2016) .
DerivaƟon of DEGs
previously defined by a position site specific model using AR ChIP-seq data (AR 2.0) (Wilson et al. 2016) . These regions were evaluated using the R BioStrings v2.40.2 package function "matchPWM"
(https://www.rdocumentation.org/packages/ Biostrings/versions/2.40.2/topics/matchPWM; last accessed August 10, 2018). Matches were based on a minimum of 80% relatedness (defined as min.score). The evaluation of evidence for linkage of AR binding in association with target genes was a post hoc analysis and served to support, but not develop, the composition of the biomarker. Comparison of the AR biomarker to biosets in the compendium. The strategy for comparison of a biomarker to collections of biosets has been described in previous studies (Oshida et al. 2015a,b,c) . Using the Running Fisher algorithm, the AR biomarker was compared with each derived bioset in the BSCE database. The method allows an assessment of the overlap in regulated genes between the biomarker and each bioset, and whether those overlapping genes are significantly regulated in a similar or opposite manner. Biosets which exhibited expression of biomarker genes that were significantly positively correlated with the biomarker would be predicted to exhibit AR activation. The activation could be due to direct agonism or occur through other mechanisms. Biosets which exhibited expression of biomarker genes that were significantly negatively correlated to the biomarker would be predicted to exhibit AR suppression through direct or indirect mechanisms. The p-value and direction of the correlation were exported. File 1) . The number of agonist and antagonist biosets was matched with an equal number of biosets from chemically treated AR-negative PC3 cells, which are not responsive to AR modulators. The dataset consisted of 95 chemicals from 39 studies and included a set of 18 antagonists from our study ( Table 1) . Some of the other biosets of antagonists were run in antagonist mode with either R-1881 or DHT as the AR agonist. Biosets used to create the biomarker were not included in this analysis. The second dataset consisted of 28 chemicals run in antagonist mode in LAPC-4 cells and is described below in comparison to the AR pathway model. All statistically filtered gene lists were examined for statistically significant correlation to the AR biomarker genes using the Running Fisher algorithm in BSCE database. Prior studies with gene expression biomarkers for xenobiotic receptors showed that a cutoff p-value 10 À4 after a Benjamini Hochberg correction of a ¼ 0.001 resulted in a balanced accuracy for activation of 95%, 97%, and 98% for AhR, CAR, and PPARa, respectively (Oshida et al. 2015a,b,c) . The values for predictive accuracy were calculated as follows: Sensitivity (true positive rate) ¼TP/ (TP þ FN); specificity (true negative rate) ¼TN/(FP þ TN); positive predictive value (PPV) ¼TP/(TP þ FP); negative predictive value (NPV) ¼TN/(TN þ FN); balanced accuracy ¼(sensitivity þ specificity)/2.
Comparison of biomarker predictions to the AR pathway model. Comparisons were made between the predictions using the AR biomarker and predictions from the AR pathway model in which the results of 11 in vitro HTS assays were used to score chemicals for AR agonism or antagonism. These 11 assays included endpoints for receptor binding, receptor dimerization, reporter gene assays, and cell growth, implemented in a variety of cell types and assay readout formats. The rationale for using this battery of assays was to account for a variety of assay artifacts and assay interference issues that can arise when screening a diverse set of chemicals, as well as testing chemicals up to concentrations at which cell stress and cytotoxicity can occur. A mathematical model was used to derive pathway-level concentration-response profiles for either agonism or antagonism. Efficacy values were normalized to antagonist activity of hydroxyflutamide. Agonist and antagonist scores were calculated as the area under the concentration-response curves (AUC) for the chemical relative to the positive control. Thus, the higher the AUC, the higher was the predicted AR activity (combined potency and efficacy) for that chemical. Assay interference (eg, technological, cytotoxicity-driven) was considered when evaluating the HTS data. Assay results were compared with the results of 35 cytotoxicity assays by the calculation of a Z-score, ie, the number of median absolute deviations between AR pathway activity and the median cytotoxic concentration .
For the comparisons in this paper, chemicals were classified as active if their AUC !0.1. Of the 1855 chemicals examined in the Kleinstreuer et al. (2017) study 28 chemicals were evaluated in antagonist mode by transcript profiling in LAPC-4 cells described above. Predictive accuracy was calculated with and without the 3 biosets used to create the biomarker.
RESULTS

Assembly and Functional Characterization of an AR Biomarker
To assemble a biomarker predictive of AR modulation, gene expression comparisons (called biosets) were utilized from chemically treated prostate cancer cell lines ( Figure 1 ). As described in Materials and Methods section, the biomarker was built from biosets known to perturb AR activity in 3 steps (Figure 2A) . First, genes which exhibited consistent regulation by 4 AR agonists were identified. Genes were then filtered for those that only exhibited opposite regulation by 4 AR antagonists. Finally, a genetic filter was used to exclude those genes that were not also regulated by modulation of AR activity. The genetic filter used biosets from cells expressing constitutively active mutants of AR or those in which the expression of AR was knocked down. A total of 51 genes (39 with increased expression and 12 with decreased expression) were identified. Figure 2B (top) shows the consistent expression of the genes in the biomarker across the chemical and genetic perturbations. The full list of genes in the biomarker is found in Supplementary File 1. The biomarker genes were examined for evidence that they are direct targets of AR regulation, using published chromatin immunoprecipitation coupled with DNA sequencing (ChIP-Seq) experiments. Of the 51 AR biomarker genes, 46 of these were associated with the AR-bound ChIP-seq regions in at least 1 dataset, with an average of 3 datasets per gene (Supplementary File  1) . To strengthen the evidence that AR likely directly binds these regions, we scanned for AREs (based on previously published ChIP-seq analysis (Wilson et al. 2016) in silico. We observed 17 biomarker genes associated with AR ChIP-seq regions that contained this motif (bolded entries in Supplementary File 1) , and all 17 genes were upregulated in the biomarker. Direct gene targets of AR were expected given that we selected genes exhibiting regulation consistent with either constitutive activation or suppression of AR. Overall, the results of the ChIP-Seq indicate that most (46/51) of the genes in the AR biomarker are likely under direct transcriptional control of AR.
The 51 AR biomarker genes were examined for functional class enrichment by IPA. No canonical pathways were significantly enriched based on overlap of 3 or more genes in a pathway. The upstream analysis function of IPA identified 2 transcription factors predicted to regulate the biomarker genes with significant Z-scores (!2.0). AR was the top hit (Zscore ¼2.7) and the glucocorticoid receptor (GR) was the other hit (Z-score ¼2.4). The results are consistent with AR and GR being structurally similar members of the nuclear-receptor super family, sharing recognition of similar DNA-response elements, and recruiting the same coactivators to their target genes (Claessens et al. 2017) .
Behavior of the Biomarker in a Prostate Cancer Cell Line Compendium
The ability of the 51-gene biomarker to identify chemicals that modulate AR was examined in a compendium of biosets derived from prostate cancer cell lines assembled as described in Materials and Methods section. The compendium contains approximately 2510 biosets of gene expression differences between control and experimental states. There are 1610 biosets from cells treated with 1152 chemicals. Most chemical treatments came from the Broad Connectivity Map 2.0 dataset in which screening was carried out in the AR-negative PC3 cell line.
The Running Fisher algorithm (Kupershmidt et al. 2010 ), a fold-change rank-based pattern matching strategy, was used to identify chemicals that modulate AR. The algorithm calculates the significance of the correlation between the biomarker and individual biosets in the database. By way of demonstration, Figure 2B , bottom shows the ÀLog(p-value)s of the correlations between the AR biomarker and the biosets used to build the biomarker. As expected, the biosets from agonist treated cells exhibited statistically significant positive correlation to the biomarker (p-values 10 ). We surveyed the ability of different prostate cancer cell lines to serve as potential screening models for the identification of AR modulating chemicals. Cell lines were divided into those that express an active or inactive AR. The active cell lines included LAPC-4, LNCaP, and VCaP; the 1 AR negative cell line was PC3, which represented the majority of the biosets. Figure 3A shows the distribution of ÀLog(p-value)s for each of the chemically treated cell lines. The AR active cell lines exhibited a wide distribution of ÀLog(p-value)s including many >j4j, the cutoff for significance. These results indicate that the 3 cell lines are responsive to both AR activators and suppressors, as expected. In contrast, the PC3 cell line ÀLog(p-value)s were mostly between 4 and À4. There were 2 instances in which chemical treatment appeared to lead to activation of AR in PC3 cells (ie, ÀLog(p-value) ! 4; Figure 3A , inset). One was from PC3 cells stably expressing an exogenous wild-type AR and exposed to R-1881 (from GSE54104). The other was a false positive from cells exposed to the antihistamine drug chloropyramine (from the CMAP dataset). None of the other approximately 1300 chemicals in the PC3 CMAP dataset had significant effects on AR. Cell lines derived from tissues other than prostate were examined in a human compendium of approximately 37,000 biosets as potential screening models. However, due to lack of biosets in which cells were exposed to AR agonists and antagonists, the usefulness of the cell lines for screening could not be evaluated (data not shown). However, the biomarker appears to be useful as a screening tool in AR-positive prostate cancer cell lines.
We next determined if the biomarker could be used to show consistent activation or suppression by prototypical agonists or antagonists of AR across multiple studies. There were 30 or 24 biosets from AR-positive cells treated with DHT or R-1881, respectively. Almost all of the biosets exhibited positive correlation to the biomarker and all but 8 exhibited significant (ÀLog(pvalue) !4) positive correlation to the biomarker ( Figure 3B ). There were no obvious reasons why those treatments that did not achieve significance did not modulate the biomarker genes. In 1 bioset, treatment was for only 3 h which may not be long enough to trigger a full AR-dependent response. There were 5 or 15 biosets from cells treated with the antagonists bicalutamide or enzalutamide (MDV3100), respectively, treated by themselves or examined in antagonist mode. All biosets exhibited significant (ÀLog(p-value) À4). Overall, treatment with these reference compounds across multiple studies generated gene expression responses consistent with the biomarker for activation or suppression of AR.
The Biomarker Accurately Predicts Chemical Modulation of AR
To determine if our microarray approach could be used as an alternative Tier 0 screening model to identify AR modulators, a classification analysis was performed on 158 biosets from prostate cancer cells that were treated with 95 chemicals with known effects on AR based on the literature and AR pathway model, including those discussed above. Classification of activation or suppression required a threshold p-value 10 24 . For prediction of activation, the AR biomarker had a sensitivity of 94% and a specificity of 100%, with a balanced accuracy of 97% ( Figure 4 ; Table 3 ). For prediction of suppression, the AR biomarker had a sensitivity of 96% and a specificity of 100%, with a balanced accuracy of 98%.
Behavior of the Biomarker Genes Upon Perturbation of AR Gene Activity or Androgen Depletion
We determined the extent to which expression of the biomarker genes was influenced by the level of AR activation. Gene expression was examined in cells which either express 1 of the 4 mutants of AR from 1 study that exhibited constitutive chemical-independent activation, or 5 comparisons from 3 studies in which the expression of the endogenous AR gene was knocked down by siRNA or shRNA. It should be noted that these biosets do not include those that were used to construct the biomarker. Figure 5A (left) shows that constitutive activation of AR leads to consistent effects on the AR biomarker genes, similar to chemical treatment with strong agonists. Knockdown of AR showed generally consistent effects on the biomarker genes with decreased expression of the up-regulated genes and increased expression of the down-regulated genes, similar to antagonist exposures ( Figure 5A , right). There were 2 biosets after knockdown of AR which did not result in a significant biomarker p-value for unknown reasons (GSE40050, GSE11428); the cell lines used (C4-2B, LNCaP) are AR-positive. The GSE11428 study but not the other study demonstrated decreases in AR protein expression. Overall, the biomarker could be used to identify conditions that affect AR activity by gene perturbation. We hypothesized that the biomarker would be able to identify biosets in which there were differences in the levels of androgens. The hypothesis was tested by examining comparisons between (1) prostate cancer cell line xenografts in castrated mice versus intact mice, (2) cells grown under androgen deprivation for up to 12 months versus no deprivation, (3) cells grown in charcoal stripped media in which steroids were depleted versus regular media, and (4) human prostate tissue from patients undergoing androgen ablation therapy consisting of AR antagonists and androgen synthesis inhibitors versus before ablation therapy. In each case, all biosets exhibited suppression of AR with most of them achieving significance ( Figure 5B ). These results indicate that the biomarker can detect perturbation of AR by androgen depletion.
Comparison of AR Biomarker Predictions With AR Reference Chemicals
An earlier study found that environmental chemicals were more likely to be AR antagonists than agonists . To generate an appropriate microarray dataset to compare to reference chemicals and the AR pathway model, LAPC-4 cells were exposed to 28 chemicals in antagonist mode. Preliminary experiments identified a concentration of 0.33 nM of R-1881 that could be used to identify antagonists (data not shown). Testing conditions are found in Table 1 . Biosets were compared with the biomarker and evaluated in the context of annotated reference chemicals.
Biomarker predictions were compared with classifications of OECD AR reference chemicals as summarized in Lynch et al. (2017) . None of the 6 agonists were classified as antagonists using the biomarker (Table 4 ). There were 13 overlapping chemicals classified as antagonists and all but 2 were correctly identified using the biomarker. The 2 antagonists not identified, progesterone and cyproterone acetate, were marginally active as antagonists (ÀLog(p-value)s ¼À3 or À3.7). Apigenin and atrazine were the only reference chemicals negative for AR modulation. Using the biomarker, atrazine was negative for AR activity, and apigenin was classified as an AR antagonist. Apigenin was found to be an AR antagonist in the Kleinstreuer et al. (2017) study. In summary, 18 out of 21 OECD classifications (86%) were correctly classified by the biomarker with the 2 false negatives marginally active.
Additional AR reference chemicals were classified based on a systematic literature review in the Kleinstreuer et al. study, a number of which overlapped with the chemicals examined in the LAPC-4 experiment (Table 4 ). There were 17 overlapping chemicals with antagonist classifications (active or inactive). All chemicals were correctly classified except the false negative cyproterone acetate which was marginally active as an antagonist (ÀLog(p-value) ¼À3). The chemicals correctly classified included "weak" (p,p 0 -DDE) and "very weak" (procymidone) antagonists.
Overall, 16 out of the 17 reference chemicals (94%) from Kleinstreuer et al. were correctly classified.
Comparison of AR Biomarker Predictions With Those From an AR Pathway Model
We compared the predictions from an AR pathway model to predictions based on microarray profiles of environmental chemicals generated in our laboratory. The AR pathway model is based on the results of 11 in vitro HTS assays that examined activity at different points in the AR pathway (receptor binding, coregulator recruitment, gene transcription, and protein production); the model was used to predict AR modulation by 1855 chemicals . Agonist and antagonist scores were calculated as the AUC for the chemical relative to the positive control. The higher the AUC, the greater the predicted AR activity (combined potency and efficacy) for that chemical. Figure 6 shows a comparison of the antagonist predictions based on the -log(p-value)s from the LAPC-4 study and the AR AUC from the Kleinstreuer et al. study for the 28 overlapping chemicals. The -log(p-value)s of the biomarker predictions were rank ordered. Color bars show the classifications of each bioset for prediction of antagonism. There was 1 false positive and 1 false negative. The false negative, cyproterone acetate approached significance (ÀLog(p-value) ¼À3). The false positive was the 5-a-reductase inhibitor, finasteride. Using the AR pathway model as the reference dataset, the AR biomarker gave a balanced accuracy of 93% for prediction of suppression (Table 5 ). The predictive accuracy of the methods was similar (92%) when the 3 biosets used to create the biomarker were removed from the analysis.
The Biomarker can Identify Chemicals That Suppress AR by Diverse Mechanisms We examined additional chemicals not discussed above that had predicted effects on AR activity. A number of chemicals not commonly known as AR modulators were found to act as AR suppressors (Figure 7) . Treatment by the HDAC inhibitor, trichostatin A, led to gene expression indicative of AR suppression in 2 studies carried out in LNCaP cells (GSE8645, GSE20433) but not in PC3 cells (GSE5258). Trichostatin A suppressed AR gene expression in prostate cancer cell lines (Rokhlin et al. 2006; Welsbie et al. 2009 ). Treatment with the HSP90 inhibitor 17-(allylamino)-17-demethoxygeldanamycin (also known as Tanespimycin; 17-AAG) was found to impair AR chromatin binding and nuclear localization of AR (Centenera et al. 2015) . Treatment with the retinoic acid receptor-related orphan receptor (ROR) c-specific antagonists, XY011 and SR2211, suppressed AR in C4-2B cells (GSE72483). These RORc antagonists suppress the expression of AR and regulated genes in prostate cancer cell lines and tumors (Wang et al. 2016) . Treatment of VCaP cells by "Compound 30" suppressed AR (from GSE32892). Compound 30 was found to be a potent AR antagonist (Zhu et al. 2012) . Urolithin A, derived from walnut pedunculagin, was found to suppress AR at 24 h in LNCaP cells using the biomarker (GSE65527). In another study, urolithin A induced apoptosis in LNCaP cells, most likely through a p53-dependent response and decreased expression of AR mRNA and protein (Sanchez-Gonzalez et al. 2016). Finally, whereas not a chemical, the sequence-specific DNA binding "polyamine 1" which blocks the ability of AR to bind to AREs in target genes (Nickols and Dervan 2007) acted like an antagonist. We note the possibility that some of the compounds identified as putative AR modulators may be false positives due in part to the large number of gene expression changes induced upon exposure, especially for trichostatin A. Further work is needed to validate these findings.
DISCUSSION
High-throughput transcriptomic (HTTr) technologies have the potential to identify EDCs in in vitro screens of environmental chemicals. Our group has previously determined that a biomarker approach can be used to accurately identify ER modulators in a large compendium of microarray profiles derived from chemically treated human breast cancer MCF-7 cells (Ryan et al. 2016) . In the present study, we used similar computational methods to determine if our approach can also identify modulators of AR, one of the most important and well-studied EDC targets. A weight of evidence approach was taken to identify genes that were consistently regulated under chemical exposure and genetic modulation conditions expected to either activate or suppress AR activity. The 51-gene biomarker used in conjunction with a pattern matching approach could readily identify, in a large gene expression prostate cancer cell line compendium, chemical and genetic perturbation experiments known to modulate AR. These included (1) numerous comparisons in which cells were exposed to AR agonists (DHT, R-1881) or AR antagonists (bicalutamide, enzalutamide), (2) genetic modulation of the AR gene, and (3) depletion of androgens. The approach was found to be very predictive in identifying AR modulators with accuracies of 97% or 98% for activation or suppression, respectively. In independent experiments the AR-positive LAPC-4 cell line was exposed to 28 chemicals in antagonist mode to determine if we could replicate the predictions of an AR pathway model ). Our methods gave a balanced B   GSE56829  GSE21887  GSE33316  GSE44319  GSE44319  GSE9666  GSE54974  GSE44319  GSE56829  GSE4084  GSE44319  GSE31410  GSE46218  GSE8702  GSE8702  GSE8702  GSE8702  GSE8702  GSE63478  GSE49287  GSE49287  GSE49287 To provide an appropriate cellular context for chemical screening, a compendium of gene expression comparisons (also called biosets) was assembled from experiments carried out in human prostate cancer cell lines. More than 1500 biosets were identified and annotated from curated studies found in a commercially available gene expression database (BSCE). The final compendium contains over 1600 biosets from chemically treated cells, most of which came from the CMAP 2.0 study carried out in the AR-negative PC3 cell line . Approximately 205 biosets came from studies using LNCaP and VCaP cell lines which have been extensively used as models for characterization of prostate cancer treatment strategies and to identify AR modulating chemicals. These cell lines are not ideal models for chemical screening. The LNCaP cell line expresses an AR that contains a mutation in the LBD leading to promiscuous activation by some chemicals (Veldscholte et al. 1992) , and the VCaP cell line contains !10-fold receptor mRNA and protein than LNCaP cells because of amplification of the AR locus (Makkonen et al. 2011) . For our chemical screening, we chose the LAPC-4 cell line which expresses a wild-type AR with no evidence of amplification (Watson et al. 2015) . Prior to our study, only 1 chemical had been profiled in this cell line and found in our compendium (from GSE78201). We profiled 28 chemicals with known activities to AR in LAPC-4 cells and determined that our biological model and computational techniques were a useful combination for screening. To our knowledge, the present study is the first to utilize full genome arrays to identify AR modulators. A previous study used a targeted set of 27 genes to screen approximately 2500 chemicals in LNCaP cells to identify AR suppressors (Hieronymus et al. 2006) . Our compendium will be a useful database for future studies to link chemical exposure to molecular initiating events and key events that can help to populate predictive models for adverse outcomes within a network of AOPs (Edwards et al. 2015) . The development of methods to identify chemicals that modulate an important MIE linked to endocrine disruption and cancer is one application of this compendium.
Our biomarker selection procedures identified bona fide primary target genes of AR. The biomarker genes were selected in an unbiased manner using several filters (Figure 2A ). These included a chemical filter that selected genes commonly regulated by 4 agonists. In addition to the well-known agonists R-1881, androstenedione and dexamethasone, we included the strong agonist RTI-6413-018 identified in a screen for compounds that induce an "activating" conformational change in the receptor structure but that do not facilitate a high-affinity intermolecular interaction between the amino and carboxyl termini; compounds identified in this manner behaved as partial agonists of AR-mediated transcription in a variety of assays (Sathya et al. 2003 ). The agonist screen was followed by selection of genes that were regulated in an opposite manner by 4 structurally diverse antagonists (bicalutamide, triticonazole, tubuconazole, and vinclozalin). A genetic filter was used to further filter genes that were the most likely targets of AR and would be less likely to be involved in secondary responses after AR modulation, eg, modulation of cell growth. The genetic filter capitalized on available biosets from chemical-independent comparisons either between mutants in the LBD of AR that exhibit constitutive activity versus wild-type AR or between knockdown of expression of AR versus controls. Most (90%) of the resulting 51 genes in the biomarker were found to be direct targets of AR as determined by ChIP-Seq experiments, with 42% of the associated ChIP-seq regions falling within 10 kb of the transcription start site of the biomarker genes (Supplementary File 1). Some of these regions bound by AR contain an ARE motif indicating this interaction is due to direct binding of AR to the promoter or enhancer regions (Supplementary File 1) . Most of the genes exhibited altered expression in the expected direction when compared with additional biosets when AR expression or activity was genetically modulated ( Figure 5A ). The biomarker genes exhibited expected changes in expression after chemical exposure in 3 AR-positive cancer cell lines (LAPC-4, LNCaP, VCaP) but not in an AR-negative prostate cancer cell line (PC3). Taken together, our procedures identified AR-regulated genes that could be useful in classifying chemicals for AR modulation.
To screen for chemicals that modulate AR, the biomarker was compared with individual biosets in the prostate compendium using the fold-change, rank-based nonparametric Running Fisher algorithm (Kupershmidt et al. 2010) . The approach finds, in an unsupervised manner, biosets with expression patterns of biomarker genes with statistically significant positive or negative correlation corresponding to activation or suppression of AR. Agonist activity can be detected in biosets from cells treated with DHT or R-1881 versus control cells ( Figure 3B ). Antagonist-like activity can be most reliably detected by examination of chemical effects in the presence of Cyproterone acetate Finasteride Figure 6 . Comparison of AR biomarker predictions to those using high-throughput assays that evaluate AR activity. Predictions of suppression using the AR biomarker were compared with the AR pathway model antagonist activity from Kleinstreuer et al. (2017) . The 28 chemicals present in both analyses were rank ordered based onlog(p-value)s. True positives (red), true negatives (black), a false positive (blue), and a false negative (yellow) classifications are indicated. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.) a strong AR agonist compared with agonist alone (antagonist mode). In our preliminary studies, exposure of LAPC-4 to antagonists by themselves did not affect the AR-dependent biomarker genes (data not shown). Rather, their detection required the assay to be run in antagonist mode. We had determined through a titration of R-1881 transcriptional effects that a concentration of 0.33 nM of R-1881 was sufficient to readily detect 3 known antagonists. In contrast, antagonist activity of bicalutamide or enzalutamide was often detectable in LNCaP or VCaP cells without running the assay in antagonist mode. This antagonism can be explained by their ability to suppress the background level of AR activation. We hypothesize that this background AR activation is due in part to the level of androgens in the media. LNCaP cells are typically cultured in 10% fetal calf serum supplemented media which contains 55À98 pM of total testosterone (Sedelaar and Isaacs 2009 ). LNCaP cells concentrate and metabolize testosterone to produce a physiological (ie, approximately 10 nM) level of intracellular DHT which stimulates the growth of these cells in vitro (Sedelaar and Isaacs 2009) and likely contributes to the background level of AR activation. Thus, LNCaP cells (but not LAPC-4 cells) might be useful to screen for both agonists and antagonists simultaneously (in the absence of the required exposure to a reference agonist), similar to what we showed for MCF-7 cells which when cultured in complete media can be used to simultaneously identify both agonists and antagonists of ER (Ryan et al. 2016) . The use of our methods resulted in excellent predictive accuracy to identify AR active compounds. Using 158 biosets from cells treated with 98 chemicals with known AR activity, a test for prediction of activation or suppression resulted in balanced accuracies of 97% or 98%, respectively (Figure 4 ). This high level of accuracy demonstrated the robustness of the computational procedures to identify AR modulators even though the biosets were derived from experiments with various exposure conditions carried out in different laboratories that queried gene expression using different microarray platforms (data not shown). The accuracy is consistent with our past experience identifying chemical modulators of other transcription factors in the mouse liver (Oshida et al. 2015a,b,c) and MCF-7 cells (Ryan et al. 2016) . The computational approach used in these studies will be useful for the future assessment of chemical modulation of other transcription factors and could be adapted to predict key events downstream of MIE modulation such as cell proliferation.
The biomarker predictions were compared with the predictions from an AR pathway model based on 11 in vitro HTS assays which examined different endpoints of AR activity carried out as part of the EDSP HTS program . Remarkably, accuracy tests for AR suppression gave a balanced accuracy of 93% (Figure 6 ). The biomarker was able to identify chemicals that were classified as "weak" (p,p 0 -DDE) or "very weak" (procymidone) antagonists. There was 1 false positive and 1 false negative. The false negative cyproterone acetate approached significance. The false positive was the 5a-reductase inhibitor finasteride. Finasteride is an OECD reference antagonist for the rodent Hershberger assay, and was identified as an antagonist in the 2 Tox21 AR antagonist assays (Lynch et al. 2017) . Although further work is needed, the results indicate that under some screening conditions, blocking 5a-reductase activity may indirectly suppress AR by decreasing the levels of the more potent AR activator DHT compared with testosterone. If finasteride is considered a true positive for antagonism, then the balanced accuracy increases to 95%. Examination of additional chemicals in the prostate cancer cell compendium indicated that our methods can identify chemicals that affect AR activity indirectly. Four chemicals (trichostatin A, XY011, SR2211, urolithin A) were identified as potential antagonists (Figure 7) . All 4 were shown in previous studies to decrease the expression of the AR gene (Rokhlin et al. 2006; Sanchez-Gonzalez et al. 2016; Wang et al. 2016; Welsbie et al. 2009 ). XY011 and SR2211 are antagonists of RORc which positively regulates AR expression (Wang et al. 2016) . The mechanism by which trichostatin A suppresses AR expression is unknown (Rokhlin et al. 2006; Welsbie et al. 2009 ). Thus, our screening methods identified 4 conditions in which AR was modulated: Agonism, antagonism, suppression of AR expression, and depletion of androgens in the media. It should be noted that the ability of our methods to identify chemicals that modulate AR activity through other mechanisms such as inhibition of 5a-reductase and steroidogenesis remains to be determined.
In summary, we applied gene expression-based computational procedures to screen chemicals for AR activity that closely replicate the results of 11 HTS assays. High-throughput transcript profiling in an AR positive prostate cancer cell line such as LAPC-4 cells for AR modulators could complement the current screening paradigm by serving as a Tier 0 screen which could be followed by more targeted assays to uncover the underlying mechanism of action.
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